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Additional table 1: Synthetic-CT generation from brain MRI in the literature: summary of data, deep learning architecture, and image and dose

evaluations




vy = 1%/1 mm gamma pass-rate 1%/1mm; y ¥ = 2%/2 mm gamma pass-rate; % = 3%/3 mm gamma pass-rate; % = not specified in the study
Abbreviations: GAN = generative adversarial network, MAD = mean absolute distance, MAE = Mean Absolute Error; ME = Mean Error; DSC = Dice Similarity
Coefficient; PSNR = Peak Signal-to-Noise Ratio; SSIM = Structural Similarity; NCC = Normalized Cross-Correlation; MSE = Mean Square Error; RR = Rigid
Registration; DR = Deformable Registration; DECNN = Deep Embedding Convolutional Neural Network; DCNN = Deep CNN.
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Additional table 2: Synthetic-CT generation from head and neck MRI in the literature: summary of data, deep learning architecture, and image and dose

evaluations

*

Y %

DCNN = Deep Convolutional Neural Network.

= 2%/2 mm gamma pass-rate; y & = 3%/3 mm gamma pass-rate; % = not specified in the study.
Abbreviations: GAN = generative adversarial network, MAE = Mean Absolute Error; ME = Mean Error; HD = Hausdorff distance, DSC = Dice Similarity
Coefficient; PSNR = Peak Signal-to-Noise Ratio; SSIM = Structural Similarity; RR = Rigid Registration; DR = Deformable Registration; MSE = mean square error,
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Additional table 3: Synthetic-CT generation from breast, liver, and abdomen MRI in the literature: summary of data, deep learning architecture, and

image and dose evaluations

y O = 1%/1 mm gamma pass-rate 1%/1mm, y ¥ = 2%/2 mm gamma pass-rate, y & = 3%/3 mm gamma pass-rate, %+ = not specified in the study
Abbreviations: MAE = Mean Absolute Error, PSNR = Peak to Signal-to-Noise Ratio, SSIM = Structural Similarity, NCC = Normalized Cross-Correlation, RMSE =
Root Mean Square Error, MAD = mean absolute distance, GAN = generative adversarial network, ASPP = atrous spatial pyramid pooling, RU-ACGAN =

Auxiliary classifier-augmented GAN.
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Additional table 4: Synthetic-CT generation from pelvis MRI in the literature: summary of data, deep learning architecture, and image and dose

evaluations y[1 = 1%/1 mm gamma pass-rate 1%/1mm; v ¥ = 2%/2 mm gamma pass-rate; 7% = 3%/3 mm gamma pass-rate; % = not specified in the

study




Abbreviations: LF = Loss Function; MAE = Mean Absolute Error; ME = Mean Error; DSC = Dice Similarity Coefficient; PSNR = Peak to Signal-to-Noise Ratio;
NCC = Normalized Cross-Correlation; MSE = Mean Square Error; MASD = Mean Absolute Surface Distance; HD = Hausdorff Distance; MAD = mean absolute
distance, RR = Rigid Registration, DR = Deformable Registration; DCNN = Deep CNN ; FCN = Fully convolution network.
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